In this study we assess the genetic architecture of bread-making quality traits in spring wheat (Triticum aestivum L.). A mapping population derived from BR34 and 'Grandin' was used to measure 20 end-use quality traits including six kernel, seven milling and fl our, four dough mixing strength, and three bread-making traits. A total of 31 quantitative trait loci (QTL) signifi cantly associated with all but two traits were identifi ed. These QTL were clustered in fi ve chromosomal regions, namely 1BS, 1DL, 4BL, 5BL, and 6AS, and explained a large proportion of trait variation with favorable alleles contributed by both parents. The 1DL cluster containing the high molecular weight glutenin gene, Glu-D1, had a large genetic infl uence on dough mixing strength and bread-making performance. Most of the QTL affecting kernel traits were clustered on 6AS. Inconsistency of QTL locations detected from different environments was observed for the fl our and milling traits and was likely due to genotype × environment interaction (G × E) effects. Despite high heritabilities estimated for the 20 quality traits evaluated, no QTL were found for fl our brightness and bake water absorption, suggesting that these traits may be controlled by QTL with small effects that could not be detected due to the small population size. Because of the complex inheritance of these traits, it will be necessary to validate these QTL in different spring wheat backgrounds evaluated in similar growth conditions as used in this study before the marker information can be used for breeding applications.
the Canadian prairies. Known for its high protein content and superior bread-baking quality characteristics, HRS wheat is often sold at a premium price in the commodity market. In addition to making specialty breads, HRS wheat fl our has been extensively used for blending with low protein fl our in both domestic and international markets. To sustain a strong future for the region's wheat growers, end-use quality is one of the most important traits the HRS wheat breeders evaluate before releasing new cultivars.
End-use quality traits important to hard wheat consists of several determinants, including kernel texture, protein content, fl our yield, dough strength, and baking performance. It has been demonstrated that genotypic response to growing conditions greatly infl uences the consistency of end-use trait performance acceptable to millers and bakers (Peterson et al., 1998) . Breeders routinely evaluate cultivars in multiple year and location trials and develop a recommended cultivar list to guide growers. In spring wheat, results from evaluating cultivars in the adapted environments have indicated that genotype has greater eff ects on bread-making quality than location and that end-use quality can be enhanced with better adaptability tailored to specifi c areas of the region through selection in the breeding process (Souza et al., 2004; Otteson et al., 2008) .
Millers demand a high fl our yield and prefer grain uniformity. Uniformity of the grain makes it easier to control quality and increases milling effi ciency (Gaines et al., 1997; Yoon et al., 2002) . Kernel morphology components aff ecting fl our yield and kernel weight, size, shape, and hardness have been extensively studied (Symes, 1965; Giura and Saulescu, 1996; Campbell et al., 1999; Prasad et al., 1999; Varshney et al., 2001; Zanetti et al., 2001; Groos et al., 2003; McCartney et al., 2005; Sun et al., 2009; Dholakia et al., 2003; Breseghello and Sorrells, 2007) . One example is that higher fl our yield can be expected from larger grain size (Marshall et al., 1984; Berman et al., 1996; Wiersma et al., 2001) .
Wheat is classifi ed by its texture, which can be either hard or soft. Hard wheat is used mostly in baking bread, whereas soft wheat is used for baking cookies and cakes. Kernel texture diff erence infl uences the milling process. Hard wheat produces coarser or hard fl our with more fractured starch granules due to the stronger adhesion between starch granule and surrounding protein matrix (Hoseney and Seib, 1973) . The fractured starch granules absorb more water during the baking process and serve as a food source for yeast when baking leavened products (Bettge and Morris, 2000) . In contrast, soft wheat fractures mostly at interface of starch granule and protein matrix, and produces more intact starch granules and much fi ner fl our (Hoseney and Seib, 1973) . As a result, it absorbs less water during the baking process (Bettge and Morris, 2000) . Bread fl our typically has higher water absorption, coarser particle size, and higher protein content as compared to cookie fl our (Hoseney et al., 1988) . The major genetic determinant of the diff erences in kernel texture is the hardness locus (Ha), located on chromosome 5DS (Symes, 1965) . Genes closely linked at the Ha locus have been characterized as PinA and PinB, which encode puroindoline a and b proteins, respectively (Giroux and Morris, 1998) . Soft wheat is the result of both genes present in wild-type form, whereas hard texture is due to a mutation in either of the two genes (Giroux and Morris, 1998) . Surveys of wheat genotypes indicate that the most prevalent mutations are a null mutation in PinA (PinA-D1b) and a missense mutation in PinB (PinB-D1b) (Morris et al., 2001) .
Bakers also evaluate fl our potential based on protein content and quality, physical dough mixing characteristics, and experimental baking procedures. Ideal baking fl our has high gluten strength and should be bright white. Gluten strength is strongly aff ected by protein content in the fl our. During mixing, the ideal fl our has relatively short dough development time to reach its highest mixing strength and relatively long dough stability. Flour color is measured using the parameters for brightness and yellowness. Bread fl our that is very bright and has little or no yellowness is generally preferred (Kruger and Reed, 1988) . Bakers also strive to control loaf volume, crumb appearance, and texture to cater to the consumer. Glutenin and gliadin, the main components of wheat gluten protein, are responsible for viscoelastic properties of dough and play a major role in dough strength and baking performance (Payne, 1987) . The glutenin subunits are divided into two groups based on their molecular weight size. Genes controlling the high molecular weight (HMW) glutenin subunits, Glu-1 loci, reside on the long arms of the group 1 chromosomes. Two tightly linked genes encoding x-and y-type were further characterized at each of the Glu-A1, Glu-B1, and Glu-D1 loci (Payne et al., 1981) . The low molecular weight (LMW) glutenin subunits encoded by Glu-3 genes are located on the short arms of group 1 chromosomes and are closely linked to Gli-1 loci coding for the γ-and ω-gliadins. Genes for the α-and β-gliadins are found on the short arms of group 6 chromosomes at Gli-2 loci (Payne, 1987) . While the eff ect of specifi c gliadin alleles on wheat quality is largely unclear, the HMW glutenin subunits, in particular, the Glu-D1 encoded allelic pair 1Dx5+1Dy10, have the highest quality score for bread making among all the HMW glutenin subunit pairs (Shewry et al., 1992) . The importance of 1Dx5 and 1Dy10 on dough strength and elasticity was further supported by transgenic studies in which varying copy number and ratio between Dx5 and Dy10 subunits was shown to dramatically aff ect dough properties and mixing strength (Blechl et al., 2007) .
Because end-use quality tests are time and resource consuming and for many traits require large sample sizes, many quality traits are not evaluated until late in cultivar development. The identifi cation of quantitative trait loci (QTL) and associated DNA markers would aid in selecting distribution, and kernel protein content. Test weight (TW) was measured as mass per unit volume (kg m −3 ) according to American Association of Cereal Chemists International (AACCI) Approved Method 55-10 (AACCI, 2000) . The thousand kernel weight (TKW) was determined as the weight of 1000 kernels free from foreign material and broken kernels (Federal Grain Inspection Service, FGIS Method [USDA. 1997] (Shuey, 1960) . Kernel protein (KP) content was measured using nearinfrared refl ectance based on 12% moisture (AACCI Method 39-25 [AACCI, 2000] ). Due to seed availability, kernel hardness was measured for samples from two environments (2008 in Carrington, ND, and 2009 in St. Paul, MN) according to AACCI Method 55-31 (AACCI, 2000) using a Single Kernel Characterization System (SKCS 4100, Perten Instruments).
Grain samples were cleaned by a Carter Dockage Tester (Carter Day International) and tempered for more than 16 h to 16% moisture before milling. A Brabender Quadrumat Jr. mill was used to mill 100 g (from three environments in 2007 in the North Dakota and Minnesota locations) and 200 g (from two environments in 2008 in the North Dakota and one environment in 2009 in the Minnesota locations) grain samples. The traits measured for the milling and fl our color characteristics included bran, shorts, fl our yield, fl our protein, fl our ash, and fl our color. The weight of fl our bran (FB), fl our shorts (FS), and fl our yield (FY) was recorded and percentages were calculated based on weight of total milling product (fl our bran %, fl our shorts %, and fl our yield %). Flour protein (FP) content was determined using near-infrared refl ectance and adjusted to a 12% moisture basis (AACCI Method 39-11 [AACCI, 2000] ). Flour ash (FA) content was estimated using near-infrared refl ectance based on 14% moisture (AACCI Method 8-21 [AACCI, 2000] ). Flour color was evaluated using a Minolta CR-200 Chroma meter (Minolta Camera Co., Ltd.) based on a three-dimensional color values, whiteness (L*), redness (a*), and yellowness (b*). The L* (fl our brightness [FC_L] ) measured whiteness where 100 was white and 0 was black. Flour yellowness (FC_B) was determined by the b* value where +60 was yellow and -60 was blue. Redness (a* value) was measured where +60 was red and -60 was green (not included in the QTL mapping study).
Mixogram parameters were determined for samples from all six environments. A 35 g computer-based mixogram was generated to determine dough mixing strength properties (AACCI Method 54-40 [AACCI, 2000] ). Mixogram parameters recorded and used in this study included midline peak time (MLPT) (min), midline peak width (MLPW) (%), midline peak value (MLPV) (%), and midline peak integral (MLPI) (% torque × min). Baking performance was evaluated for materials from two 2008 North Dakota and one 2009 Minnesota locations using the parameters water absorbance, mix time, loaf crumb color, crumb grain and crumb texture, and bread loaf volume. The parameters determined for loaf crumb color, and crumb grains and texture were the results of subjective readings and were excluded from the study. Quantitative trait loci mapping analysis was conducted on bake mixing water absorbance (BMA) (%) calculated and adjusted based on MLPT and MLPV, lines with better quality traits during the early stages of cultivar development. Previous QTL mapping studies based on hard × soft (Perretant et al., 2000; Campbell et al., 2001; Breseghello et al., 2005) , hard × hard (Groos et al., 2004; Huang et al., 2006; Kuchel et al., 2006; McCartney et al., 2006; Mann et al., 2009; Tsilo et al., 2010 Tsilo et al., , 2011a Tsilo et al., , 2011b , and wheat × spelt [Triticum aestivum subsp. spelta (L.) Thell. (syn. Triticum spelta L.)] (Zanetti et al., 2001 ) crosses showed that for quality traits, the number and chromosomal locations of QTL varied greatly depending on the genetic crosses, indicating the complex nature of traits that aff ected end-use quality. In this study, we used a population of recombinant inbred lines (RILs) derived between the U.S. HRS wheat variety Grandin and the Brazilian soft spring wheat BR34, a source of numerous disease resistance genes, to identify QTL aff ecting kernel characteristics, milling, dough mixing strength, and bread baking characteristics.
MATERIALS AND METHODS

Plant Materials
A population consisting of 118 F 7 -derived RILs derived from a cross between the Brazilian soft red spring wheat breeding line BR34 (Bered et al., 2002) and the North Dakota HRS wheat variety Grandin (PI531005) was developed by Dr. James A. Anderson (University of Minnesota, St. Paul, MN) (denoted as the BR34 × Grandin [BG] population). This population was the subject of a whole-genome mapping eff ort by Liu et al. (2005) and subsequently used to map several disease resistance loci Liu et al., 2006; Friesen et al., 2007 Friesen et al., , 2008 Friesen et al., , 2009 Zhang et al., 2009) .
Field Experiments
The BG population was evaluated in fi eld conditions along with the check cultivars in North Dakota and Minnesota from 2007 to 2009 in a randomized complete block design with two replicates. In North Dakota trials, the population and the parents were grown at two locations in 2007 and 2008 at Carrington, ND, and Prosper, ND. The experimental units at these locations were 2.4 by 1.2 m plots consisting of seven rows 15.2 cm apart. Three HRS wheat cultivars, Howard , Reeder (PI613586), and Faller , were used as checks in all North Dakota locations. The fi eld experiments conducted in Minnesota were performed in one location at St. Paul, MN, in 2007 and in four-row plots of 2.6 m 2 plot size. The fi ve HRS wheat checks used in Minnesota locations included 'Alsen' , 'Granite' (PI619072), 'Knudsen' (PI619609), 'Oklee' , and 'Verde' (Busch et al., 1996) . Seeds from the two replicates were bulked from each North Dakota and Minnesota location to provide a large enough sample for quality analysis. Altogether, the quality trait data were collected from materials grown in six environments (year × location combinations).
Quality Trait Evaluations
All grain quality analyses were completed at the USDA-ARS Wheat Quality Lab in Fargo, ND. The kernel characteristics determined included test weight, kernel weight, kernel size bake mixing time (BMT) (min), the time required to allow the dough to fully develop for baking, and loaf volume (LV) measured by rapeseed (Brassica napus L.) displacement according to AACCI Method 10-05 (AACCI, 2000) .
Electrophoretic Identifi cation of High Molecular Weight and Low Molecular Weight Glutenin Subunits
The HMW and LMW glutenin subunits of BR34 and Grandin were determined before analysis of the entire population. BR34, Grandin, and a set of checks carrying known HMW and LMW subunits (Supplemental Table S1 ) were prepared for sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) and urea-SDS-PAGE. Proteins were extracted from half kernels using previously described procedures (Xu et al., 2004 . Samples were fi rst analyzed on 12% SDS-PAGE gels of 1.0 mm thickness. Electrophoresis was conducted at 30 mA per gel for approximately 3 h using circulation of 16°C water to prevent gel overheating. Gels were stained with Coomassie Blue R-250 and photographed. Based on preliminary matches, subunits were confi rmed by separation on 12% SDS-PAGE and 12% urea-SDS-PAGE gels in which BR34 and Grandin were loaded in lanes adjacent to appropriate check lines. After the subunits in BR34 and Grandin were identifi ed, the entire population was analyzed by SDS-PAGE and urea-SDS-PAGE to determine the HMW and LMW subunits present in each RIL.
Genetic Map Construction, DNA Marker Genotyping, and QTL Analysis
The initial linkage maps constructed in the BG population consisted of about 700 simple sequence repeat (SSR) and target region amplifi cation polymorphism markers (Liu et al., 2005) , and a second phase of mapping included more SSR markers as well as expressed sequence tag-derived DNA markers for a total of 787 markers in this population (Zhang et al., 2009 ). Here, we evaluated additional SSR markers and markers developed from genes encoding kernel hardness at the PinA (Gautier et al., 1994) and PinB (Tranquilli et al., 1999) loci following the published protocols. The DNA markers targeted on genes for HMW and LMW glutenin subunits were also examined to compare with the protein gel analysis. The DNA marker UMN26, designed specifi cally from 1Dy coding sequence, was used to evaluate Glu-D1 subunits (Liu et al., 2008) . For LMW glutenins, we investigated seven, ten, and seven sets of primer pairs corresponding to specifi c alleles of LMW glutenin genes located on A, B, and D genomes (Glu-A3, Glu-B3, and Glu-D3), respectively (Zhao et al., 2007; Wang et al., 2009 Wang et al., , 2010 . The polymerase chain reaction (PCR) fragments amplifi ed from fl uorescent dye-labeled primers for SSRs, PinA, and UMN26 were separated on a ABI 3130xl Genetic Analyzer (Life Technologies), a 16-capillary gel system, following the protocols previously described (Chao et al., 2007) . The DNA markers for PinB and all LMW glutenin subunits were scored on 0.8% agarose gels stained with ethidium bromide. To diff erentiate wild-type (PinB-D1a) from the mutant (PinB-D1b) allele at the PinB locus, PCR amplifi ed fragments were subject to BsrBI restriction enzyme digest before agarose gel separation. Polymorphic DNA markers identifi ed from parental screening were then used to genotype the entire population, and marker loci were added to the previously generated linkage maps using Mapmaker version 2.0 for Macintosh as described in Zhang et al. (2009) .
Quantitative trait loci mapping analysis was performed for 20 end-use quality traits using the data generated by grouping environments into mega-environments for each trait (see below) as well as the overall means generated by combining all environments for each trait. Signifi cant QTL were identifi ed using the multiple interval mapping method (Kao et al., 1999) implemented in the software package QGene version 4.0 (Joehanes and Nelson, 2008) . A critical logarithm of the odds (LOD) threshold of about 4.0 was determined based on 1000 permutations.
Cytogenetic Methods
The presence of 1RS.1BL translocation in BR34 was identifi ed using fl uorescent genomic in situ hybridization (GISH) and somatic chromosome analysis. For both analyses, wheat cultivar Amigo, which carries the 1RS.1AL translocation (Friebe et al., 1996) , was used as the control. The GISH was performed as described by Yu et al. (2010) , except that the genomic DNA isolated from seedling plants of 'Gazelle' rye (Secale cereale L.) was used as the probe. In wheat, two pairs of chromosomes have satellites located on the short arms of chromosomes 1B and 6B (Gill et al., 1991) . Therefore, the 1RS.1BL translocation can be unambiguously distinguished from the 1RS.1AL translocation by analyzing the secondary constrictions in somatic chromosomes. For somatic chromosome analysis, root tips were prepared following the procedures described by Xu and Joppa (2000) . Chromosomes carrying the secondary constrictions in BR34 and Amigo were analyzed in fi ve cells with good spread showing a complete set of 42 chromosomes.
Statistical Analysis
As samples from two replicates in each environment were bulked for quality trait evaluations, we could not test the signifi cance of the genotype × environment interaction (G × E). To assess the impact of G × E on the traits we clustered the environments such that G × E was minimized among environments within a cluster and maximized between clusters. The set of environments placed into a cluster was called a megaenvironment (ME). The clustering was done by fi rst generating a matrix of G × E eff ects. The matrix was then used to cluster environments using Wards minimum variance method in the Cluster procedure of SAS (SAS Institute, 2011) . For most traits we placed the environments into two MEs as the two most divergent MEs would have the greatest impact on partitioning G × E and have the lowest correlation of trait means; if this degree of clustering had little impact, then further diff erentiating of MEs would have negligible impact. For a few traits, the cluster analysis indicated one environment was an outlier; therefore, that environment was treated as a unique ME. In the subsequent ANOVA, the environment eff ect was partitioned into a component attributed to ME and a component attributed to environment within ME. The G × E was partitioned into components attributed to G × ME interaction and to G × E within ME (e.g., error) eff ects.
We assessed heritability over all environments and within ME comprising more than one environment. Broad-sense trait heritability (H 2 ) over all environments was calculated as
G×M is the G × ME interaction variance, 2 error σ is the G × E variance within a ME, and e is the total number of environments. Broad-sense heritability within a ME with more than one environment was estimated as ( )
The correlation of genotype means between MEs were obtained for each trait. Genotype means over all environments for each trait were compared based on Fisher's least square diff erence (p = 0.05). Pearson's correlation coeffi cients were calculated from pairwise comparisons among kernel, milling, dough mixing, and baking attributes. Pairwise comparisons were also performed among quality traits, heading date, and plant height based on data previously reported (Liu et al., 2005) . To correct for kernel hardness diff erence between the parents, the phenotypic data for traits highly infl uenced by kernel hardness were adjusted by regressing the trait data on kernel hardness and used for QTL analysis. All analyses were performed using the SAS statistical software package version 9.1 (SAS Institute, 2011).
RESULTS
Phenotypic Evaluations
Of the 20 end-use quality traits investigated, kernel characteristics were similar between BR34 and Grandin, but signifi cant diff erences (p < 0.05) between the two parents were found for milling and bread-making traits (Table 1) . Grandin generally performed better than BR34 for most of the traits, except that BR34 had whiter fl our color. Similar results were observed when comparing the parents with three North Dakota checks, Faller, Howard, and Reeder, with Grandin consistently performing as well as the checks and better for two dough mixing (MLPT and MLPI) and one bread-making (BMA) parameters, whereas BR34 was better only for the two fl our color parameters, FC_B and FC_L (data not shown). The trend was similar when comparing the parents with fi ve Minnesota check cultivars (data not shown). These results collectively demonstrated the contrasting diff erences for the majority of the end-use quality traits of the two parents. For the RIL population, most of the traits showed transgressive segregation as evidenced by the BG population's range of trait values exceeding that of the parents (Table 1 ). The kernel traits had the most transgressive segregants, ranging from 18% for TKW to 33% for LKS of the BG population. Even though the parents were not signifi cantly diff erent, the mean values of the kernel traits for the BG population were outside of the parental range for four out of six kernel traits (Table 1) .
Pairwise correlations were estimated among all quality traits measured (Table 2) . Strong correlations were observed among all kernel traits. While the percentages of medium (MKS) and small kernels (SKS) were positively correlated with each other, they were both negatively correlated with TW, TKW, percentage of large kernels (LKS), and KP. Kernel traits generally had no correlation with milling and baking traits, except high correlations between KP and FP and between KP and dough mixing strength (MLPV and MLPW) were detected. Parameters measured for milling and fl our color were all highly correlated with each other. Positive correlations were found among FY, FP, and FA, and they were all negatively correlated with FB and FS as well as with fl our color for FC_L. All milling traits were also highly correlated with dough mixing strength (MLPV and MLPW) and BMA. While MLPV and MLPW were positively correlated with BMA, they were negatively correlated with mixing time parameters, MLPT, MLPI, and BMT, which were highly correlated with each other. Correlation among loaf volume, mixing time, and BMA was high, but no correlation was observed between loaf volume and dough mixing strength. Kernel hardness was evaluated using both the SKCS method and DNA markers. The SKCS method was used to measure samples from two environments (2008 in Carrington, ND, and 2009 in St. Paul, MN), and strong correlation (R 2 = 0.86) was found between the two data sets (data not shown).
Results from both the SKCS and marker methods demonstrated that Grandin is a hard wheat carrying the PinA-D1b and the PinB-D1a alleles at the Pin loci, whereas BR34 has the wild-type alleles PinA-D1a and PinB-D1a at both loci, making it a soft wheat. However, discrepancies between the DNA marker and the SKCS data were observed for eight progeny in the BG population. These eight lines were all classifi ed as hard wheat based on SKCS results that contradicted with the marker data. Although genes located on chromosomes other than 5DS are known to aff ect kernel texture, the possibility of genotyping error can't be ruled out, as the PinA marker detects the presence (soft) or absence (hard) of the PCR fragment and the capillary gel system may have been sensitive enough to reveal background signal corresponding to the PinA-D1a (soft) allele. Kernel hardness based on the SKCS method was used for subsequent analysis. Highly signifi cant correlations (p < 0.01) were detected between kernel hardness and all milling traits and fi ve traits for mixing and baking properties ( Table 2 ). The phenotypic data for these traits were adjusted for kernel hardness and used for QTL analysis.
The ANOVA results indicated that the trait variations were strongly infl uenced by the 
environment (p < 0.01) for all 20 quality traits evaluated (data not shown). For each trait, data from individual environments were grouped into MEs based on trait performance similarity, and the results indicated that the G × E did not appear to be a large source of variation for most of the traits (Table 3) . Heritability over all environments exceeded 0.79 for all traits except KP. Entry mean heritability tended to be lower within ME than over all environments. This is probably due to sampling fewer environments within a ME than overall. The ratio of genetic variance to G × ME variance exceeded 0.75 for all traits except KP, and this ratio exceeded 1.0 for 12 traits (Table 3 ). The correlation of genotype means between MEs exceeded 0.70 for all traits except KP, BMA, and LV (data not shown), indicating that even between the most divergent environments the trait values were signifi cantly correlated. Taken together, genotype eff ects appeared to be consistent across environments for all the traits studied with the possible exception of KP. To obtain independent estimates of QTL eff ects, the mean trait values within MEs were used for subsequent QTL analysis, and QTL detected in diff erent MEs were compared and used as a way to validate QTL.
Genetic Map Construction and QTL Mapping Analysis
We assessed HMW and LMW glutenin subunits present in the parents using both DNA markers and protein electrophoretic mobility, and both results generally agreed with each other.
For HMW glutenin subunits, BR34 carried subunits Ax2*, Bx7+By8, and Dx2+Dy12, whereas Grandin carried subunits Ax2*, Bx7+By9, and Dx5+Dy10 for alleles at the Glu-A1, Glu-B1, and Glu-D1 loci, respectively. Results from parental screening of 24 sets of primer pairs corresponding to specifi c alleles for LMW glutenin subunits on the three genomes detected polymorphisms at the Glu-A3 and the Glu-B3 loci. Grandin had Glu-A3c and Glu-A3f alleles whereas BR34 had the Glu-A3a allele at the Glu-A3 loci. Two alleles, Glu-B3b and Glu-B3h, were found in Grandin at the Glu-B3 loci, but no Glu-B3 allele was detected in BR34 using the 10 allele-specifi c primers corresponding to nine Glu-B3 alleles. The HMW and LMW glutenin markers along with the additional SSR markers resulted in adding 81 markers to the existing genetic map of the BG population for a total of 868 markers. A subset of 406 markers giving the most complete genome coverage was used for QTL analysis. It was noted that the DNA markers that mapped to the short arm of chromosome 1B were tightly linked with little recombination between them. Genomic in situ hybridization was then performed and revealed the presence of a pair of rye chromosome arms in BR34 similar to what was observed in Amigo known to carry the 1RS.1AL translocation (Supplemental Fig. S1 ). To confi rm BR34 carries the 1RS.1BL translocation, somatic chromosome analysis further showed that BR34 had only one pair of chromosomes with secondary constrictions in contrast with the two pairs of chromosomes with secondary constrictions as found in Amigo (Supplemental Results from the QTL analysis revealed that QTL with large genetic eff ects infl uencing multiple traits were clustered in fi ve chromosomal regions on chromosome arms 1BS, 1DL, 4BL, 5BL, and 6AS ( Fig. 1; Table 4 ). A total of Table 3 . Number of environments clustered in each mega-environment (ME) and broad-sense heritability (H 2 ) estimated over all environments and from individual ME for each of the 20 traits investigated.
Trait
No. ME Environments † in ME ( ) The QTL for reduced plant height (Ht) previously identifi ed (Liu et al., 2005) . TW_ME1, test weight, mega-environment 1; TW_ME2, test weight, mega-environment 2; TW_mean, test weight, mean; TKW_ME1, thousand kernel weight, mega-environment 1; TKW_ME2, thousand kernel weight, mega-environment 2; TKW_mean, thousand kernel weight, mean; LKS_ME1, large kernel size, mega-environment 1; LKS_ME2, large kernel size, mega-environment 2; LKS_ mean, large kernel size, mean; MKS_ME1, medium kernel size, mega-environment 1; MKS_ME2, medium kernel size, mega-environment 2; MKS_mean, medium kernel size, mean; SKS_ME1, small kernel size, mega-environment 1; SKS_ME2, small kernel size, mega-environment 2; SKS_mean, small kernel size, mean; KP_ME1, kernel protein, mega-environment 1; KP_ME2, kernel protein, mega-environment 2; KP_ mean, kernel protein, mean; FB%adj_ME1, fl our bran % adjusted, mega-environment 1; FB%adj _ME2, fl our bran % adjusted, megaenvironment 2; FB%adj _mean, fl our bran % adjusted, mean; FS%adj_ME1, fl our shorts % adjusted, mega-environment 1; FS%adj _ME2, fl our shorts % adjusted, mega-environment 2; FS%adj _mean, fl our shorts % adjusted, mean; FY%adj_ME1, fl our yield % adjusted, megaenvironment 1; FY%adj _ME2, fl our yield % adjusted, mega-environment 2; FY%adj _mean, fl our yield % adjusted, mean; FPadj_ME1, fl our protein adjusted, mega-environment 1; FPadj _ME2, fl our protein adjusted, mega-environment 2; FPadj _ME3, fl our protein adjusted, megaenvironment 3; FPadj _mean, fl our protein adjusted, mean; FAadj_ME1, fl our ash adjusted, mega-environment 1; FAadj _ME2, fl our ash adjusted, mega-environment 2; FAadj _mean, fl our ash adjusted, mean; FC_Ladj_ME1, fl our color brightness adjusted, mega-environment 1; FC_Ladj _ME2, fl our color brightness adjusted, mega-environment 2; FC_Ladj _mean, fl our color brightness adjusted, mean; FC_Badj_ ME1, fl our color yellowness adjusted, mega-environment 1; FC_Badj _ME2, fl our color yellowness adjusted, mega-environment 2; FC_Badj _mean, fl our color yellowness adjusted, mean; MLPTadj_ME1, midline peak time adjusted, mega-environment 1; MLPTadj_ME2, midline peak time adjusted, mega-environment 2; MLPTadj_ME3, midline peak time adjusted, mega-environment 3; MLPTadj_mean, midline peak time adjusted, mean; MLPVadj_ME1, midline peak value adjusted, mega-environment 1; MLPVadj_ME2, midline peak value adjusted, megaenvironment 2; MLPVadj_mean, midline peak value adjusted, mean; MLPWadj_ME1, midline peak width adjusted, mega-environment 1; MLPWadj_ME2, midline peak width adjusted, mega-environment 2; MLPWadj_mean, midline peak width adjusted, mean; MLPI_ME1, midline peak integral, mega-environment 1; MLPI_ME2, midline peak integral, mega-environment 2; MLPI_mean, midline peak integral, mean; BMT_ME1, bake mixing time, mega-environment 1; BMT_ME2, bake mixing time, mega-environment 2; BMT_mean, bake mixing time, mean; BMAadj_ME1, bake water absorption adjusted, mega-environment 1; BMAadj_ME2, bake water absorption adjusted, megaenvironment 2; BMAadj_mean, bake water absorption adjusted, mean; LVadj_ME1, loaf volume adjusted, mega-environment 1; LVadj_ME2, loaf volume adjusted, mega-environment 2; LVadj_mean, loaf volume adjusted, mean.
31 signifi cant QTL with LOD scores greater than 4 were identifi ed for all but two traits, FC_L and BMA. Of the 31 QTL detected, 13 associated with six kernel traits were located on chromosome arms 1BS, 4BL, 5BL, and 6AS; eight QTL associated with six milling yield and fl our traits were located on chromosome arms 1BS, 1BL, 4BL and 5BL; and 6 out of 10 QTL having large genetic eff ects on four dough mixing strength and two bread-making traits were confi ned to 1DL, with the remaining on 1BS, 4BL, and 5BL.
The two QTL signifi cantly aff ecting TW located on 4BL and 5BL that explained 11.3 to 15.6% of phenotypic variation were detected in ME 1 and combined environments with favorable alleles contributed by BR34 (Table 4) . A third QTL for TW was detected in ME 1 on 1BS. However, no TW QTL was signifi cantly associated with ME 2, unless the LOD score was lowered to 2.4. A major QTL associated with TKW located on 6AS was consistently detected in all environments and explained 16.1 to 22.4% of trait variation with favorable allele contributed by Grandin. Two additional TKW QTL on 1BS and 5BL with favorable alleles contributed by BR34 were identifi ed in ME 1. The same 1BS QTL was signifi cant over all environments combined and was detected at a LOD score of 3.7 in ME 2. Kernel size distributions were signifi cantly aff ected by two QTL clusters on 4BL and 6AS, which were consistently detected in all environments at a LOD score greater than 2 and explained 18.7 to 27.6%, 17.5 to 27.2%, and 19.5 to 24.9% of trait variation for LKS, MKS, and SKS, respectively, for QTL detected at the LOD score of 4 threshold. In general, both parents contributed favorable alleles to the QTL associated with kernel size distributions, and each trait QTL identifi ed in multiple environments with favorable alleles contributed by the same parent had a tendency to map in the same cluster. For kernel traits controlled by multiple QTL, that is, TW, , marker interval, logarithm of the odds (LOD) scores, proportion of genetic variation explained,  and additive values for quantitative trait loci (QTL) detected for 20 end-use quality traits TW_ME1, test weight, mega-environment 1; TW_ME2, test weight, mega-environment 2; TW_mean, test weight, mean; TKW_ME1, thousand kernel weight, megaenvironment 1; TKW_ME2, thousand kernel weight, mega-environment 2; TKW_mean, thousand kernel weight, mean; LKS_ME1, large kernel size, mega-environment 1; LKS_ME2, large kernel size, mega-environment 2; LKS_mean, large kernel size, mean; MKS_ME1, medium kernel size, mega-environment 1; MKS_ME2, medium kernel size, mega-environment 2; MKS_mean, medium kernel size, mean; SKS_ME1, small kernel size, mega-environment 1; SKS_ME2, small kernel size, mega-environment 2; SKS_mean, small kernel size, mean; KP_ME1, kernel protein, mega-environment 1; KP_ME2, kernel protein, mega-environment 2; KP_mean, kernel protein, mean; FB%adj_ ME1, fl our bran % adjusted, mega-environment 1; FB%adj _ME2, fl our bran % adjusted, mega-environment 2; FB%adj _mean, fl our bran % adjusted, mean; FS%adj_ME1, fl our shorts % adjusted, mega-environment 1; FS%adj _ME2, fl our shorts % adjusted, mega-environment 2; FS%adj _mean, fl our shorts % adjusted, mean; FY%adj_ME1, fl our yield % adjusted, mega-environment 1; FY%adj _ME2, fl our yield % adjusted, mega-environment 2; FY%adj _mean, fl our yield % adjusted, mean; FPadj_ME1, fl our protein adjusted, mega-environment 1; FPadj _ME2, fl our protein adjusted, mega-environment 2; FPadj _ME3, fl our protein adjusted, mega-environment 3; FPadj _mean, fl our protein adjusted, mean; FAadj_ME1, fl our ash adjusted, mega-environment 1; FAadj _ME2, fl our ash adjusted, mega-environment 2; FAadj _mean, fl our ash adjusted, mean; FC_Ladj_ME1, fl our color brightness adjusted, mega-environment 1; FC_Ladj _ME2, fl our color brightness adjusted, mega-environment 2; FC_Ladj _mean, fl our color brightness adjusted, mean; FC_Badj_ME1, fl our color yellowness adjusted, mega-environment 1; FC_Badj _ME2, fl our color yellowness adjusted, mega-environment 2; FC_Badj _mean, fl our color yellowness adjusted, mean; MLPTadj_ME1, midline peak time adjusted, mega-environment 1; MLPTadj_ME2, midline peak time adjusted, megaenvironment 2; MLPTadj_ME3, midline peak time adjusted, mega-environment 3; MLPTadj_mean, midline peak time adjusted, mean; MLPVadj_ME1, midline peak value adjusted, mega-environment 1; MLPVadj_ME2, midline peak value adjusted, mega-environment 2; MLPVadj_mean, midline peak value adjusted, mean; MLPWadj_ME1, midline peak width adjusted, mega-environment 1; MLPWadj_ME2, midline peak width adjusted, mega-environment 2; MLPWadj_mean, midline peak width adjusted, mean; MLPI_ME1, midline peak integral, mega-environment 1; MLPI_ME2, midline peak integral, mega-environment 2; MLPI_mean, midline peak integral, mean; BMT_ME1, bake mixing time, mega-environment 1; BMT_ME2, bake mixing time, mega-environment 2; BMT_mean, bake mixing time, mean; BMAadj_ME1, bake water absorption adjusted, mega-environment 1; BMAadj_ME2, bake water absorption adjusted, mega-environment 2; BMAadj_mean, bake water absorption adjusted, mean; LVadj_ME1, loaf volume adjusted, mega-environment 1; LVadj_ME2, loaf volume adjusted, mega-environment 2; LVadj_mean, loaf volume adjusted, mean. ‡ Environments coded as 1, Carrington, ND, 2007; 2, Prosper, ND, 2007; 3, St. Paul, MN, 2007; 4, Carrington, ND, 2008; 5, Prosper, ND, 2008; 6, St. Paul, MN, 2009 . § Positive and negative additive values indicate that favorable alleles were contributed by BR34 and Grandin, respectively. ¶ Signifi cant QTL detected at below the LOD score of 4 threshold. TKW, and kernel size distributions, the total phenotypic variation explained by all the QTL detected at a LOD score of 4 or higher ranged from 34.1 to 40.7%. Kernel protein was controlled by a single QTL on 5BL detected in ME 1 and all environments combined, but no signifi cant QTL for KP was identifi ed in ME 2.
To detect QTL not confounded by kernel hardness, QTL analysis for all seven milling and fl our traits was based on data adjusted for kernel hardness. Except for the FP QTL mapped to 5BL, signifi cant QTL identifi ed for the fl our traits were mostly found clustered on 1BS and 4BL. The FB QTL detected in ME 1 mapped to 4BL at a slightly shifted but overlapping marker interval than that detected in ME 2 and combined environments. Similar overlapping marker interval shifts due to environments was observed for the FC_B QTL on 1BS and the FP QTL on 5BL. Environmental eff ects appeared to infl uence the chromosome locations where the QTL associated with FY and FA were detected. In the case of FY, the QTL signifi cant in ME 1 mapped to 1BL whereas the QTL associated with combined environments was on 4BL. For FA, the signifi cant QTL detected in ME 2 was on 1BS, but the 4BL QTL was signifi cant in combined environments. While signifi cant QTL were often not consistently detected in diff erent MEs for most of the fl our traits, no QTL was detected for FC_L in any environment.
The phenotypic data for the three mixogram parameters (MLPT, MLPV, and MLPW) and two breadmaking traits (BMA and LV) were adjusted for kernel hardness and used for QTL analysis. A region encompassing the Glu-D1 locus on 1DL accounted for large genetic eff ects infl uencing most of the dough mixing strength and baking traits evaluated. The QTL at the Glu-D1 region alone explained 46.8 to 62.5% of phenotypic variation for three dough mixing time parameters, MLPT, MLPI, and BMT. In addition to 1DL, an overlapped region on 1BS at the Glu-B3 locus was also signifi cantly associated with two dough mixing strength parameters, MLPV and MLPW, in all environments evaluated. A third QTL for MLPV was detected on 5BL in ME 1 only. For the three bread-making traits evaluated, the QTL at the Glu-D1 region was consistently associated with BMT and LV in multiple environments, but no QTL was detected in any environment for BMA. A second BMT QTL signifi cant in ME 1 mapped to 4BL. Marker interval shifts on 1BS and 1DL due to environmental eff ects were observed for the mixing time parameters, MLPT, MLPI, and BMT, as well as for mixing strength, MLPV.
DISCUSSION
Glutenins and Bread-Making Traits
The strong association of Glu-D1 loci with dough mixing strength and bread-making performance found in our results was in agreement with previous reports (Campbell et al., 2001; Huang et al., 2006; Nelson et al., 2006; Mann et al., 2009; Tsilo et al., 2010) . Some studies also indicated the importance of the Glu-B1 genes on dough mixing and bread-making traits (Campbell et al., 2001; Huang et al., 2006; Mann et al., 2009; McCartney et al., 2006; Tsilo et al., 2010) . This locus was not signifi cant in our analysis, which agrees with other reports showing limited allelic eff ects at the GluB-1 loci on quality traits for parents carrying Bx7+By9 vs. Bx7+By8 as found in BR34 and Grandin (Rousset et al., 2001; Kuchel et al., 2006) . Associations between LMW glutenin subunits and mixing parameters were reported previously (Kuchel et al., 2006; Nelson et al., 2006) . We mapped one QTL for dough mixing strength parameter (MLPW) near the Glu-B3 loci in all environments that accounted for 36.8 to 43.8% of trait variation with the favorable allele contributed by Grandin. The overall poor bread-making performance observed in BR34 was due partly to the loss of LMW glutenins on 1BS as a result of the 1RS.1BL translocation, thus reducing overall glutenin quantity (Graybosch, 2001) . The rye translocation is largely detrimental to bread-making quality in hard wheat (Lee et al., 1995) , but its eff ect on baking traits in soft wheat appears to be less adverse (McKendry et al., 1996; Johnson et al., 1999) . In the BG population, most of the 24 progeny with a hard kernel but lacking the LMW glutenin genes had lower mixing strength than the high ranking parent Grandin by at least 2 least square diff erences for the MLPW trait, providing evidence for the importance of the LMW glutenins in breadmaking quality.
QTL Clusters
Similar to observations in previous studies was the clustering of QTL controlling multiple traits. In particular, we found that highly correlated traits tended to map in the same cluster with allele eff ects generally agreeing with the observed correlations among traits, such as the 6AS cluster containing predominantly kernel-related traits and the 1DL cluster having mostly the dough mixing strength and baking traits, and this generally agreed with the results of Tsilo et al. (2010 Tsilo et al. ( , 2011b ) based on a hard red spring wheat cross. However, traits with weak or no correlation were also in some cases governed by the same or closely linked QTL; for example, kernel trait QTL were clustered with milling and baking trait QTL at the 1BS, 4BL, and 5BL regions. Our study also showed that the 4BL and 6AS QTL clusters coincide with the reduced plant height (Ht) QTL previously identifi ed in this population (Fig. 1) (Liu et al., 2005) . The clustering of QTL for quality traits and plant height, particularly the Rht-D1 gene on 4DS, was reported (Huang et al., 2006; McCartney et al., 2006) , and negative eff ects of reduced plant height on test weight, thousand-kernel weight, and fl our and baking traits were observed (McCartney et al., 2005 (McCartney et al., , 2006 . In our study, the negative impact of reduced height was mainly found on the kernel traits, which were strongly correlated with Ht, with Ht positively correlated with TW, TKW, and LKS but negatively correlated with MKS and SKS (data not shown). Because these clusters were located in regions encompassing over 10 cM and favorable genetic eff ects for multiple traits were contributed by diff erent parents, it is likely that diff erent linked genes were responsible for controlling the eff ects for diff erent traits. Nevertheless, a better map resolution would help resolve the possibilities between pleiotropic gene eff ects and multiple genes with close linkage.
QTL Consistency and Stability
We found that the majority of QTL identifi ed in this study were not previously reported. Breseghello et al. (2005) used a soft × hard cross also involving Grandin, and only one of the QTL they reported was coincident to ours, that is, the QTL for FP on 5BL. Many reasons could contribute to the inconsistency of QTL locations found in diff erent studies, such as allelic diversity of parents, experimental power and precision, and environmental eff ects (Holland, 2007; Bernardo, 2008) .
It is common to detect QTL in one environment but not in another. In this study, we grouped environments that had little G × E between them into MEs, which then maximizes G × E among MEs. Some environments were repeatedly grouped in the same ME for multiple traits, especially for highly correlated traits. For example, environments 1 and 2 were in the same ME for 16 of 17 traits; 4 and 5 were together for 13 of 20 traits; 1, 2, and 5 were together for 13 of 17 traits; and 3 and 6 were together for 11 of 17 traits. Our results showed that only fi ve QTL corresponding to TKW, LSK, MSK, MLPW, and LV on 1BS, 1DL, and 6AS were consistently expressed in all MEs at a LOD score of 4 or higher with favorable alleles contributed by the same parent in each ME. The QTL consistency was improved particularly for the kernel traits when the LOD scores were lowered to 2. However, most of the inconsistency was found for QTL aff ecting fl our and milling traits, where fi ve of six traits evaluated had QTL expressed in only one ME. Quantitative trait loci detected in one ME located on a chromosome diff erent from the one detected in combined environments was observed for FY and FA. Taken together, these fi ndings imply G × E eff ects on quality traits. Alternatively, high error variance occurring in a certain environment prohibits the detection of a QTL in that environment (Bernardo, 2008) , although our analysis indicated error variance was not high as evidenced by the high heritability estimates for most of the traits. In addition, we also observed QTL peak shift for seven traits, FB, FP, FC_B, MLPT, MLPV, MLPI, and BMT on 1BS, 1DL, 4BL, and 5BL, indicating that these traits are likely controlled by multiple genes that were expressed in diff erent environments (McCartney et al., 2006) .
Despite high broad-sense heritability estimated for FC_L (H 2 = 0.98) and BMA (H 2 = 0.81), no signifi cant QTL were detected for these two traits. Because the two parents diff ered signifi cantly for these two traits (Table  1) , it's unlikely that alleles for these two traits were not segregating in the population. Rather, these two traits were probably controlled by QTL with eff ects too small to be detected in a population of this size. Population size can aff ect both the number of QTL detected and the size of the QTL eff ect, particularly for complex traits controlled by many minor QTL (Bernardo, 2008) . A more plausible explanation would be that the genetic eff ects of other milling and fl our color traits may have confounded and thus masked the detection of minor QTL for FC_L and BMA due to highly signifi cant correlations found among these traits (Table 2) , which resulted in these two traits having high heritability estimates but with no discernible QTL. Although the two parents had large diff erences in bread-making quality, the small number of QTL detected per trait in this study, ranging from 0 to 3 per trait, may be underestimated and the large proportion of genetic variation explained for each trait, ranging from 5.6 to 62.5%, may be overestimated, the phenomenon known as Beavis eff ect (Xu, 2003) . Therefore, it is necessary to validate QTL in diff erent spring wheat genetic backgrounds to better understand the genetic mechanism controlling the complex inheritance of the quality traits.
CONCLUSIONS
Our overall goal was to study the genetic control underlying bread-making quality in spring wheat and to identify markers for breeding applications. Using parents with contrasting phenotypes can maximize the chance of fi nding signifi cant marker-trait associations. However, the lack of consistent QTL detection in multiple environments poses challenges of transferring biparental mapping results across diff erent populations (Bernardo, 2008) . Nonetheless, almost all the traits investigated had high heritability, indicating the phenotypic variation observed for these traits was largely infl uenced by genetic values, implying these traits can be manipulated in the breeding process. It is important that the QTL with large genetic eff ects identifi ed in this study be validated in diff erent spring wheat backgrounds that are evaluated in locations similar to those used in this study.
The results described in this report were based on a hard × soft wheat cross. Breeders often resort to crosses made between diff erent market classes to incorporate resources for resistance genes against biotic and abiotic stresses and to explore genetic diversity for agronomic traits including end-use quality (Carver, 1996) . However, due to major gene eff ect, kernel hardness was found to have a large infl uence on fl our yield and baking quality, which confounded the detection of additional genetic eff ects associated with a trait and therefore caution must be taken when using hard × soft crosses for studying the genetic mechanisms controlling end-use quality traits by applying regression analysis to control the texture diff erence (Breseghello et al., 2005) .
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